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Abstract
Sedentary lifestyles are ubiquitous in modern societies. Sitting, watching television
and using the computer are examples of sedentary behaviors that are currently com-
mon worldwide. Many research results show that the length of time that a person is
sedentary is linked with an increased risk of obesity, diabetes, cardiovascular disease,
and all-cause mortality. Determining how best to motivate people to become more
active is not only necessary but also imperative. The electronic pedometer, as a
proven device to increase physical activity, has been widely accepted by consumers
for decades. As smartphones are functionally able to run accurate pedometer apps,
we explore the potential of leveraging context-aware (e.g. location, identity, activity
and time) smartphone application—more advanced pedometer—to help people mit-
igate sedentary lifestyle. The smartphone application we developed, “On11”, intel-
ligently tracks people’s physical activities and identifies sedentary behaviors. With
the knowledge it learns from the users, On11 provides recommendations based on
users’ geographic patterns.
Our study consists of four steps: (1) a pre-survey that helps us comprehend
people’s views on physical activity, how people use their smartphones, and how
smartphone applications may help them to be more active, (2) a large scale Twitter
study (over 3 months, analyzed 929,825 running-related tweets) that determines how
difficult it is for people to keep performing the most popular exercise—running, (3)
a 2-week trial of our smartphone app which promotes an easier exercise—walking,
and (4) a post-survey for subjects who participated in the app trial to validate if
the app works as expected.
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Chapter 1
Introduction
According to the Center for Disease Control and Prevention (CDC)’s latest data
and statistics, in 2009–2010, more than one-third (35.7%) of United States adults
and 16.9% of United States children and adolescents were obese [1]. By 2030, more
than half of Americans could be obese, resulting in millions of new cases of diabetes,
coronary heart disease, and stroke. All these cases in total could cost the United
States up to $66 billion in treatment and over $500 billion in lost economic produc-
tivity [2]. Other obesity-related diseases, like type 2 diabetes, are spreading rapidly
across United States, too. In adults, type 2 diabetes accounts for about 90% to 95%
of all diagnosed cases of diabetes, and by 2011, 8.3% of the U.S. population (25.8
million people) of all ages had diabetes [3].
A sedentary lifestyle—a way of life, in which, people do not engage in enough
physical activity or exercise—is one of the main causes of obesity. In this kind of
lifestyle, sedentary behaviors—activities that do not increase energy expenditure
substantially above the resting level, such as sitting, lying, sleeping, watching tele-
vision, playing video games, and using computer—are commonly observed. Opera-
tionally, activities that involve energy expenditure at the level of 1.0–1.5 metabolic
1
Table 1.1: Examples of Sedentary Behavior and Active Behavior
Behavior Name METs Sedentary or Active
Sleeping 1.0 Sedentary
Lying quietly and watching television 1.0 Sedentary
Meditating 1.0 Sedentary
Sitting, writing, desk work, typing 1.3 Sedentary
Standing quietly, standing in a line 1.3 Sedentary
Eating, sitting 1.5 Sedentary
Sitting, meeting, general 1.5 Sedentary
Wash dishes, standing or in general 1.8 Active
Walking, household 2.0 Active
Cleaning, sweeping, slow, light effort 2.3 Active
Standing, light work (filing, talking, assembling) 2.3 Active
Cooking or food preparation, walking 2.5 Active
equivalents (METs) are considered as sedentary behavior [4]. Table 1.1 provides
some examples of sedentary behavior and active behavior.
Wilmot et al.’s recent review on previous sedentary lifestyle studies shows that
sedentary time is associated with an increased risk of diabetes, cardiovascular dis-
ease, and cardiovascular and all-cause mortality. Especially, higher levels of seden-
tary behavior are associated with a 112% increase in the relative risk (RR) of
diabetes, 147% increase in cardiovascular disease, 90% increase in cardiovascular
mortality, and 49% increase in all-cause mortality [5].
Motivating people to be more physically active and reduce sedentary behaviors
is both crucial and urgent nowadays. In United States, less than half (48%) of all
adults meet the 2008 Physical Activity Guidelines [6,7], and the direct medical costs
of lack of physical activity are approximately 24 billion dollars [8].
Many medical professionals and practitioners are trying to promote physical
activity to their patients, from different perspectives (e.g. environment and policy)
with various methods (e.g. using electronic devices) [9, 10]. CDC recommends that
adults should (1) perform at least 150 minutes a week of moderate-intensity, or
2
Figure 1.1: Age-Adjusted Estimates of the Percentage of Adults Who Are Physically
Inactive, 2008
75 minutes a week of vigorous-intensity aerobic physical activity, or an equivalent
combination of moderate- and vigorous- intensity aerobic activity, and (2) aerobic
activity should be performed in episodes of at least 10 minutes, and preferably, it
should be spread throughout the week [6]. However, according to [7], less than half
(48%) of all adults get this recommended amount of physical activity [Figure 1.1].
Spontaneously, moderate-to-vigorous intensity physical activities (MVPA) are
usually recommended to people who live a sedentary lifestyle. Mainly because MV-
PAs have relatively higher METs and can help people burn calories more quickly.
However, a recent study shows that a low amount of MVPA cannot mediate the
pernicious effects caused by higher level of sedentary behavior, and light-intensity
physical activity (LPA) and MVPA are independent to each other in terms of re-
ducing the risk of chronic disease and mortality [5]. This means if a person sits
3
in her/his office for 6 hours, 30-minute running after work may not help her/him
offset the bad effects caused by the 6-hour sitting. Although it does not imply that
people should give up intensive workouts after long-time sittings, it emphasizes that
mitigating sedentary lifestyle is another public health challenge alongside of promot-
ing intensive exercise. Pate et al. [4] explained the distinction between sedentary
behavior and the absence of MVPA.
If we help people reduce sedentary activities, what kind of activities should be
the replacement, LPA or MVPA? This is the main question we need to answer here.
1.1 Background
1.1.1 Physical Activity
“Physical activity” is defined as any bodily movement produced by skeletal mus-
cles that results in energy expenditure, which is distinguished from “exercise”, and
“physical fitness” [11]. From the perspective of intensity, the spectrum of physical
activity can be divided into 3 categories: sedentary activity (1.0–1.5 METs), light-
intensity physical activity (1.6–2.9 METs), moderate-to-vigorous-intensity physical
activity (≥ 3.0 METs).
One metabolic equivalent (MET) is defined as the amount of oxygen consumed
while sitting at rest and is equal to 3.5 milliliter O2 per kilogram (body weight)
per minute [Equation 1.1]. The MET concept represents a simple, practical, and
easily understood procedure for expressing the energy cost of physical activities as
a multiple of the resting metabolic rate [12].
1MET ≡ 1 kcal
kg · h ≡ 4.184
kJ
kg · h (1.1)
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1.1.2 Activity Tracker
Tracking physical activity is one feasible way to quantify physical health and well-
being. In the context of physical activity, examples of tracked information include
heart rate, respiratory rate, blood glucose level, blood oxygen level, blood pressure,
physical activity location, and acceleration. As the interest in personal physical
health increased, the interest in quantifying “health” is growing. Companies such
as Nike, Fitbit, Withings, and BodyMedia have developed devices that can measure
the distance walked by users, number of stairs or building floors climbed, calories
burnt, weight changes, and blood pressure fluctuations. Some of these devices can
also synchronize users’ measurements with applications on their smartphones or
upload the data to their personal health records stored in the cloud.
One of the most popular activity tracking devices is “pedometer”. A pedometer
is a device that counts each step a person takes by detecting the person’s body
motion. It was originally envisioned by Leonardo da Vinci for military use [13].
In 1780, Abraham-Louis Perrelet created the world first mechanical pedometer for
measuring steps and distance while walking. Early pedometers used a mechanical
switch to detect steps and a counter to log step number. Today, a new generation of
pedometers is made with micro-electro-mechanical systems (MEMS) accelerometer
and sophisticated software algorithm to detect steps. These accelerometers can
detect either 1, 2, or 3 axises of acceleration. Accelerometer-based pedometers are
more accurate, more programmable, and more wearable in terms of size. Because the
number of steps a person takes can be used to proximately evaluate how active the
person is, they are commonly used in activity measurement studies [14–17]. In [18],
Bravata et al. found that the use of “pedometer” is associated with significant
increases in physical activity and significant decreases in body mass index (BMI)
and blood pressure.
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Nowadays, triaxial accelerometers, gyroscopes, GPS, and various sensors have
become standard build-ins on many widely owned smartphones. With these sen-
sors, smartphone applications are able to continuously monitor the users, turning
smartphones into more advanced activity trackers. Activity tracking technologies
for personal use have become mature and affordable.
1.1.3 Sedentary Lifestyle
“Sedentary Lifestyle” is a way of life, in which, people do not engage in enough
physical activity, and sedentary behaviors are usually observed. In [4], Page et al.
defines “sedentary activities” as activities that involve energy expenditure at the
level of 1.0–1.5 METs which do not increase energy expenditure substantially above
the resting level. Typical examples of sedentary behaviors are sleeping, sitting,
lying down, and watching TV, and other forms of screen-based behavior. Based
on this definition, more than 100 detailed sedentary activities can be found in the
compendium of physical activities [19].
The word “sedentary” was first known being used in 1598 in the sense “not
migratory”, which today means “doing or involving a lot of sitting; not doing or
involving much physical activity; staying or living in one place instead of moving to
different places”. The origin of this word was “se´dentaire” (French) or “sedentarius”
(Latin) [20].
1.1.4 Health Behavior Change
Our study focuses on helping people change their sedentary lifestyle with our smart-
phone app. We are promoting health behavior change. In the broadest sense, health
behavior refers to the actions of individuals, groups, and organizations, as well as
their determinants, correlates, and consequences, including social change, policy
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development and implementation, improved coping skills, and enhanced quality of
life. Sedentary behavior is a health behavior since it correlates closely with many
diseases like obesity, cardiovascular disease, and type 2 diabetes.
Mitigating sedentary lifestyle involves the change of health behaviors, in our case,
sedentary behaviors. Health behavior change is very difficult and comprehends a
large amount of objective and subjective factors even to make a simple change [21].
Various health behavior change theories have been developed for helping making
the change. For instance, one of the first and the most widely recognized theories,
the Health Belief Model (HBH), theorizes that people’s beliefs about whether they
are at risk for a disease or a health problem, and their perceptions of the benefits of
taking action to avoid it, influence their readiness to take action; the Social Cognitive
Theory (SCT) emphasizes that learning occurs in a social context and that much
of what is learned is gained through observation; and the Trans-theoretical Model
(TTM) models the process of people’s behavior change as the transaction of stages
of their readiness to adopt healthful behaviors [22].
Among these strategies that have been proposed to support behavior change,
self-monitoring is one of the most prevalent and particularly useful components of
effective interventions, especially in SCT. It makes the monitored information salient
to people [23–25].
1.1.5 Social Network Mining
Web 2.0 brings us a new way of using the Internet to interact and collaborate with
people. Social networking service (SNS) enables Internet users to build social rela-
tions with people who share the same lifestyle, interests, and real world connections.
In SNS, people are more likely to express their true opinions and real feelings about
controversial topics when compared with face-to-face interactions. This data allowed
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us to understand activity behaviors of Twitter users.
Twitter is one of the most successful social networking services. It was launched
in July 15, 2006 and has more than 140 million active users sending 340 million
tweets a day in total [26]. The open and well-designed RESTful (Representational
State Transfer, REST) API of Twitter contributes significantly to its success [27]. It
enables third-party developers to test new ideas on Twitter’s platform and provides
researchers the opportunity to access Twitter’s large data and analyze them for
various purposes [28–31].
1.2 Problem Statement
The problem sedentary people are facing is that they do not know what kind of
activities should be performed in place of their sedentary activities. The goal of this
research is to answer this question and develop a smartphone application “On11”
that can help them mitigate sedentary lifestyle by providing personally tailored
walking recommendations.
1.3 Thesis Structure
Our study consists of four steps to investigate this: (1) a pre-survey that helps us
comprehend people’s views on physical activity, how people use their smartphones,
and how smartphone applications may help them to be more active, (2) a large
scale Twitter study (over 3 months, analyzed 929,825 running-related tweets) that
determined most people were unable to sustain performance of the most popular
exercise—running, (3) a 2-week trial of our smartphone app which promotes an
easier exercise—walking, and (4) a post-survey for subjects who participated in the
app trial to validate if the app works as expected.
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Chapter 2
Pre-survey on Physical Activity
and Smartphone App
Before developing On11 to help people mitigate sedentary lifestyle, we need to know
several things: (1) What physical activities are popular and are treated as exercises;
(2) How people use their smartphones; (3) Whether they accept the idea of using
smartphone apps to help them change their bad health behaviors; and (4) What are
the functions people like to see in a fitness app. In order to answer these questions,
we designed an online survey with 39 questions [32] which started on October 24,
2012, and ended on December 14, 2012. 81 participants from the Social Sciences
Participant Pool of Worcester Polytechnic Institute responded to our survey. These
participants were from a psychology course, which required them to participate in
user studies as subjects in order to get credits. The result of this survey guided us
to design the functionality and user-smartphone interactions in On11.
It should be noted that this survey was not representative of the U.S. population.
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Figure 2.1: Age
Figure 2.2: Weight
2.1 Demographic Information
The age of our participants ranged from 17 to 23 [Figure 2.1]. All of the partic-
ipants were undergraduate students. Their weights were approximatively normal
distributed (about 140 pounds) [Figure 2.2].
Based on their weights and heights, we calculated the Body Mass Index (BMI)
of our participants [Figure 2.4]. According to the World Health Organization’s
standards for determining overweight and obesity [33], we classified the participants
based on BMI [Figure 2.5]. 34 participants (42.0%) were considered to be possi-
bly overweight (pre-obese). The prevalence of overweight and obesity among our
participants (42.0%) was lower than that in the United States (68.8%) [34].
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Figure 2.3: Height
Figure 2.4: Body Mass Index (BMI)
Figure 2.5: BMI Classification
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Figure 2.6: Waist Size
Figure 2.7: Gender
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Figure 2.8: Ethnicity
Figure 2.9: Year of School
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2.2 Usage of Smartphone
A smartphone is a mobile device/technology we are very familiar with. Compar-
ing to normal mobile phones, which basically provide phone call and short message
functions, smartphones are much more powerful in terms of functionality. People
can use smartphones to access the Internet, run applications, perform more com-
plex computation, and sense the environment with on-board sensors. For instance,
smartphone may be used to receive Emails, play Angry Birds, socialize on Facebook,
and navigate with GPS.
In recent years, more and more people now own iPhones, Android phones, Win-
dows Phones, BlackBerry phones, Symbian phones, and Palm phones. By June 6,
2013, More than three out of five (65%) mobile subscribers in the United States
owned a smartphone, up from just 44 percent in 2011 [35].
2.2.1 Smartphone
Since our study focuses on using smartphone as a platform for implementing our
health behavior change app—On11, the first thing we need to know is how many
people are using smartphone. According to the result of our survey, 67.9% of the
participants owned 1 or 2 smartphones and 32.1% were using phones that were
not smartphones [Figure 2.10]. Tablets were not as popular as we thought among
students. Only 23.5% have one or more tablets [Figure 2.11].
Considering some participants might be not sure about what type of phones
they had, we provided an option asking them the brands and models of phones they
owned. We identified the phones one by one using Google search engine. We found
an interesting phenomenon: the participants who didn’t know if their phone were
smartphones all had non-smartphones, and only 3 of 55 participants who thought
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Figure 2.10: “How many smartphones do you own?”
they had non-smartphones actually had smartphones. It seems the mobile phone
manufacturers did not (may be not willing to) clarify the definition of “smartphone”
to their non-smartphone customers, but to smartphone buyers, the “smartphone”
tag were well advertised.
2.2.2 Function Usage
We wanted to understand what functions (e.g. SMS, phone call) and types of apps
the participants use most and how they use them. Answers to the questions in this
category are diverse. For instance, when asked if they use SMS [Figure 2.13], one
participant told us usually he/she didn’t send or receive any SMS, but if he/she got
a long conversation with someone, it might be a lot. Another example was about
web browsing [Figure 2.15], one participant told us if he/she had a lot of work to
do, he/she would stay away from his/her mobile Internet.
In response to the question“How much time do you spend watching movies on
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Figure 2.11: “How many tablets do you own?”
Figure 2.12: “What type of mobile phones and tablets do you have?”
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Figure 2.13: “How many SMS or messages through data network (like BlackBerry
Messenger, iOS iMessage, WhatsApp, Kik, etc) do you send receive per day?”
Figure 2.14: “How much time do you spend making answering phone calls per
day?”
mobile devices” question, 23 participants who didn’t own smartphones answered
“0 min” [Figure 2.16]. We believe this was because most of the non-smartphones
cannot be used to watch movies or need complex and time-consuming procedures
to convert the video before the non-smartphones can play it.
2.2.3 Mobile Application
According to a study by Nielsen company [36], the average number of mobile appli-
cations U.S. smartphone users installed on their smartphones is 41. In our survey,
we want to verify this number. In consideration of the burden of counting the exact
number of apps installed, we asked the estimated range instead of inquiring the
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Figure 2.15: “How much time do you spend browsing web on mobile devices (smart-
phone, tablet, etc) per day?”
Figure 2.16: “How much time do you spend watching movies on mobile devices
(smartphone, tablet, etc) per day?”
Figure 2.17: “How much time do you spend listening to music on mobile devices
(smartphone, tablet, etc) per day?”
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Figure 2.18: “How much time do you spend on playing games on mobile devices
(smartphone, tablet, etc) per day?”
Figure 2.19: “How many apps have you installed on your mobile devices (smart-
phone, tablet, etc) on average?”
exact amount. The weighted average of the medians of ranges was 19 [Figure 2.19].
Our participants mentioned a total of 100 apps they had installed and liked.
Figure 2.20 shows the 18 apps with two or more. The other 82 apps received 94
nominations in total. Social network apps, such as Facebook, Twitter, Instagram,
and Reddit (“Alien Blue” is another client for “Reddit”), had a very high propor-
tion (46.2%). The second largest category was Music. Pandora and Music (audio
playback apps) got 15.1% of the nominations.
The 32 participants who had ever used health, fitness, or wellness apps on mobile
device [Figure 2.21], nominated 20 health, fitness, or wellness apps. Only 5 apps
got more than 2 nominations. According to our investigations in both the Google
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Figure 2.20: “What are your favorite apps on your mobile device?”
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Figure 2.21: “Have you ever used any health, fitness, or wellness apps on mobile
device?”
Play [37] and App Store [38], these 5 apps—Nike+ Running, MyFitnessPal, Lose
it!, WebMD, and MapMyRun—were very popular in the market. I think the reason
why these apps were popular is that people wanted to know and track their daily
life including physical activities and these apps make it possible and easy to do.
2.3 Physical Activity
In the survey, we also want to understand our participants’ daily physical activity
(more precisely, in this scenario, “physical activity” means MVPA), regarding what,
when, where, and how they do it.
2.3.1 Current Health Condition
About half of the participants (39, 48.1%) rated their health conditions with 7 or
8 (on a scale of 1–10) [Figure 2.23]. We were not sure if they had any clinical
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Figure 2.22: “Please list the health, fitness, and wellness apps you have used.”
symptoms that made them think they were not 100% healthy. If they did not
have any symptom, it is very possible that they were in a “sub-health condition”,
also known as the “third state”, a grey area between health and disease when all
necessary physical and chemical indexes are tested negative by medical equipments,
things seem normal, but the person experiences all kind of discomfiture and even
pain.
Figure 2.23: “On a scale of 1–10, how healthy do you think you are?”
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Figure 2.24: “How many times per week do you exercise, currently?”
Figure 2.25: “How many times per week do you wish you can exercise?”
2.3.2 Frequency
The frequency our participants took exercise per week varied from person to person
[Figure 2.24]. However, “2 per week”, and “5 per week” were the frequencies the
participants preferred. 12 participants had never took exercise recently (when they
took the survey). 5 participants did more than 7 exercises per week, which means
some days they exercised more than once. Comparing the result of this question to
that of Question 22 (“How many times per week do you wish you can exercise?”),
we found most of the participants wished themselves could exercise more—3 times
or more per week [Figure 2.25].
We found 4 participants who thought they did not need any exercise.
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2.3.3 What
With no surprise, “jogging and running” was the most popular exercise [Figure 2.26].
We thought it is because the required equipment and field were the simplest among
all the exercises—a pair of sneakers and a road with sidewalk (or a park) were
enough for a typical jogging or running workout.
Considering the participants of this survey were all students, other mentioned
sports were not surprising neither: Bicycling was the most common transporta-
tion for both on-campus and off-campus undergraduate students; Weight lifting,
swimming, and basketball were the popular exercises at WPI (two gyms on cam-
pus provide sufficient equipments and fields for these sports); Hiking was popular
because several hills and state parks are located around WPI (within a 30-minute
driving distance).
2.3.4 Exercise Locations
More than half of the participants took exercises both indoor and outdoor [Fig-
ure 2.27]. It seems they did not have any preference on the location, but if they
had, they preferred “indoor” more than “outdoor”. We thought this is because there
is no weather concern for “indoor” exercises. The participants were WPI students
and the winter in Worcester, Massachusetts is usually long and cold.
2.3.5 Exercise Times
56.8% of the participants preferred “afternoon” and “evening” [Figure 2.28]. How-
ever, we got several responses from our participants telling us that they did not
have any fixed schedule for exercises and they would exercise whenever they had
time and they wanted to. Based on the theory of planned behavior [39], not having
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Figure 2.26: “What exercises do you currently do?”
25
Figure 2.27: “Where do you exercise?”
a fixed schedule could lead to lower adherence.
2.4 Attitude toward Physical Activity and Mobile
Apps
People’s attitudes toward physical activity obliquely indicates how difficult it was
to motivate them. And smartphone users’ attitude toward mobile apps helps us
envision the potential for promoting physical activity with mobile apps.
2.4.1 Physical Activity
Three quarters of the participants (60, 74.1%) felt that they should be more active
[Figure 2.29]. Comparing the results from Question 22 (“How many times per week
do you exercise, currently?”) and Question 23 (“How many times per week do you
wish you can exercise?”), we could reach the similar conclusions.
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Figure 2.28: “When do you exercise in a day?”
Figure 2.29: “Do you think you should be more active, to burn more calories?”
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Figure 2.30: “Can you guess how many calories you burn per day?”
Half the participants (51.9%) had no idea how many large calories (1 large calo-
rie ≡ the amount of energy needed to raise the temperature of one kilogram of
water by one degree Celsius, hereafter, we use “calorie” instead) they burnt per day
[Figure 2.30]. The inability to quantify how many calories they burned meant that
participants were not able to know their progress of health behavior change, which
had a negative influence on self-efficacy [40]. But at the same time, more than half
(60.5%) of all the participants wanted to know the accurate amount [Figure 2.31].
The desire of participants to know their calories burnt meant that fitness tracking
is useful and could be important in health behavior change. Similarly, 71.6% of
the participants did not know how many calories they should burn per day for the
optimal health, but 90.1% wanted to know [Figure 2.32].
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Figure 2.31: “Do you want to know the exact number of calories you burn throughout
the day?”
Figure 2.32: “Do you know how many calories you should burn per day for optimal
health?”
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Interestingly, among the 39 participants (48.2%) who thought they knew the
answer to the question “Can you guess how many calories you burn per day?”, 5
participants gave answers that were probably wrong. They thought they would
burn about 1000 calories per day, but this could hardly be realistic because of basal
metabolism. For example, with the “Miﬄin St Jeor Equation” [41] and CDC’s
weight statistics [42], we estimated the lowest basal metabolic rates for all our partic-
ipants were 1357.327 calories (for males) and 1191.327 calories (for females). These
numbers were calculated with the lowest weight, the lowest height, and the highest
age in our participants—110lb, 61in, and age 23. However, these mistakes were un-
derstandable. Without measurement tools, background knowledge, and experience,
the question is difficult to answer.
For specific exercises, such as the participants’ favorite ones, only 12 participants
(14.8%) did not want to know how fast they could burn calories while performing
their favorite exercise [Figure 2.33].
2.4.2 Mobile Apps Used
More than 3 quarters of the participants (79.0%) believed mobile apps could help
them better manage their physical activities [Figure 2.34], but only 29.6% had ever
used or were still using activity management app [Figure 2.35].
When we asked participants to list the features they thought are useful in phys-
ical activity management apps, “pedometer” and “calorie tracking” features were
favored [Figure 2.38]. This confirmed what we learned from previous questions—
“participants like jogging and running” and “participants wanted to know how many
calories they burned”.
Another important result we got from this survey is that, clearly, “motivation”
is important in physical activity management [Figure 2.39].
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Figure 2.33: “Do you accurately know how many calories you burn by doing your
favorite exercises?”
Figure 2.34: “Do you think mobile apps can help you better manage your daily
physical activities?”
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Figure 2.35: “Have you ever used or still using any activity management app?”
Figure 2.36: “What activity management apps have you used before or still using?”
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Figure 2.37: “Which one is your most favorite activity management app?”
Figure 2.38: “What features of physical activity management apps are useful to
you?”
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Figure 2.39: “Do you think motivation is important in physical activity manage-
ment?”
2.5 Other Questions
At the end of the survey, we asked two other questions. One was about presentation
styles in our app design [Figure 2.40], the other was about users’ concerns on battery
drain [Figure 2.41].
2.6 Summary
From this survey, we verified the market research company’s recent study result
that smartphone is a common personal device and has a big market share. We also
found that people spent more time on apps (especially, social network apps) and
new features of smartphone than the traditional functions such as SMS and phone
call.
A significant number of survey participants had health concerns. 34 students
(42.0%) were considered to be at risk of obesity or were already obese, and 66
students (81.5%) thought themselves were in a “sub-health condition” or unhealthy.
The participants were not satisfied with their frequency of exercising and wanted
to be more active. Further more, they wished to measure the physical activities they
are performing and want to know how many calories they had burnt through the
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Figure 2.40: “Which presentation method for calories burnt/need-to-burn do you
prefer?”
Figure 2.41: “Do you have concerns that the apps you are running on your mobile
device may affect its battery life?”
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Table 2.1: Summary of Key Findings in Pre-Survey
Finding Impact of Behavior
Change Theory
Technol-
ogy that
Can Help
Medical
Implication
42.0% of the participants
were considered to be
possibly overweight
(pre-obese).
– e.g. “Lose
It!” app
Need to lose
weight
67.9% of the participants
owned 1 or 2 smartphones.
– – Medical apps
could be
deployed to
help people.
51.9% of the participants
had no idea how many
calories they burnt per day,
but 60.5%) wanted to know.
Self-cognition e.g.
“Fitbit”
trackers
and
“Moves”
app
Technology
could be used
to help them
know.
74.1% of the participants felt
that they should be more
active.
“Contemplation”
and “Preparation”
stages in
Trans-theoretical
Model
– Personally
tailored
activity
advise should
be given.
79.0% of the participants
believed mobile apps could
help them better manage
their physical activities.
Health Belief
Model
– –
day.
Most of them believed that smartphones could help them to better manage their
physical activities, in terms of monitoring, tracking, motivating, and giving advice.
According to HBM theory, this implies the potential for health behavior change.
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Chapter 3
Establishing the Difficulty of
Running
3.1 Introduction
In our pre-survey, we found that jogging was a very popular and the most prevalent
exercise among students. Then, we would like to ask—is it a good idea to recommend
running to people who live a sedentary lifestyle? How difficult is running? How
well do people in the real world perform running? To answer these questions, we
conducted a study on Twitter, which analyzed the messages automatically sent by
fitness trackers.
Our approach was to gather a large number of runners’ messages (tweets) on
Twitter, a popular Social Network Service (SNS), and develop tools to analyze
these messages in order to answer above questions about runners.
By monitoring the tweets of a runner group on Twitter over a 3-month period,
we collected 929,825 messages (tweets), in which runners used Nike+ fitness trackers
while running.
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3.2 Background
Emerging fitness tracking devices such as the Nike+ series [43] and Fitbit [44] have
quickly become popular with casual runners. These devices track runners’ perfor-
mance and automatically upload information about their runs (time, location, pace,
distance) and their comments to social networking sites such as Twitter, where they
can share their experiences with friends instantly.
3.2.1 Physical Activity Tracking
Tracking physical activity is important in order to quantify physical health and well-
being. In the context of physical activity, examples of tracked information include
heart rate, respiratory rate, blood glucose level, blood oxygen level, blood pressure,
physical activity location, and acceleration. Tracking technologies and measurement
devices for personal use are now mature and affordable. For instance, a decade ago,
wearable triaxial accelerometers for tracking physical activity were just starting to
be used in measurement studies [14–17]. Today, such triaxial accelerometers are
standard build-in sensors on many widely owned smartphones.
As interest in personal physical health increased, user interest in quantifying their
“health” has also grown. Companies such as Nike, Fitbit, Withings, and BodyMedia
have developed devices that can measure the distance walked by users, number of
stairs or building floors climbed, calories burnt, weight changes, and blood pressure
fluctuations. Some of these devices can also synchronize users’ measurements with
applications on their smartphones or upload the data to their personal health records
stored in the cloud. Because more and more smartphones are now equipped with
GPS and accelerometers, fitness tracking applications can continuously monitor the
user, turning their smartphone into a fitness tracker.
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Nike was one of the first companies to make fitness tracking devices available
to consumers. The Nike+ iPod Sensor was the first device for tracking physical
activity in the Nike+ product line [43]. It is a small sensor that can be placed in
selected models of Nike running shoes to track runner performance. The Nike+
iPod Sensor can be used in several ways. First, Nike+ iPod, a factory-installed
application on the iPod touch and iPhone mobile devices, can read runners’ data
wirelessly from the radio-frequency transmitter (Nordic Semiconductor nFR2402)
onboard the Nike+ iPod Sensor. This application also uploads the runner’s data
to the user’s account on Nike+’s website. Second, Nike+ SportBand is a tracking
bracelet that can communicate with Nike+ iPod Sensor. Users can connect it to a
computer through a USB and upload running records.
Following the success of the Nike+ iPod Sensor, Nike developed two devices
that do not have to work with Nike+ iPod Sensor and Nike running shoes: Nike+
SportWatch GPS and Nike+ FuelBand. Nike+ SportWatch GPS tracks the running
distance using GPS. Data upload can be done by connecting it to a computer’s USB
interface. Nike+ FuelBand is an activity tracker that can be worn on the wrist.
It has an embedded accelerometer which calculates the number of steps taken and
calories burnt. It can communicate with a personal computer through its USB
interface or with iPod touch and iPhone through Bluetooth for uploading running
records.
As mentioned, more and more smartphones are now equipped with GPS and
accelerometers. Nike later developed a GPS tracking application for iPhone and
Android phones (with GPS) called Nike+ Running App. If a user is running indoors
and no GPS signal can be detected, the app can estimate the distance using the
phone’s built-in accelerometer.
Hereafter, we shall refer to these Nike runner tracking devices and application
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as “Nike+ trackers”, and we shall call the users of Nike+ trackers as “Nike+ users”.
3.2.2 Data Mining on Public SNS
Social Networking Service (SNS) platforms enable people to share personal interests
and news, and to post their current status, increasing access to information about
people’s daily lives. Twitter [45] is one of the most successful Social Networking
Services. It was launched on July 15, 2006 and now has more than 517 million
users, who send more than 340 million tweets a day in total [26, 46]. On Twitter,
people can join groups by sending tweets with hashtags (#). These groups are based
on activities of interest such as running, photography or political views.
In recent years, more and more web/mobile applications, devices and even oper-
ating systems have integrated “Share to SNS” and “Auto Sync to SNS” features that
automatically post messages to Twitter. Consequently, Twitter has become a large
hub of user-generated information. Additionally, Twitter has published APIs that
allow posted messages to be retrieved. Researchers can collect data from multiple
message streams through Twitter, and analyze them to understand people’s behav-
iors. Specific to our work, running devices such as Nike+ trackers can automatically
post SNS messages once runners have completed their runs. These messages typ-
ically include runner performance statistics (running time, pace, and distance), as
well as comments left by the runner.
Twitter’s message retrieval API is open, well-designed, and RESTful (Repre-
sentational State Transfer, REST), which has contributed significantly to its suc-
cess [27]. Using this API, third-party developers can test new ideas using Twit-
ter’s infrastructure and researchers have the opportunity to access Twitter’s large
amounts of data quickly. As such, research into analyzing and mining data on
Twitter for various purposes has exploded. Previous work has focused on analyzing
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Twitter messages for diverse topics including user classification, geo-location detec-
tion and topic trend prediction [47–50]. Our work focuses on analyzing Twitter
messages to characterize the performance and behavior of runners.
3.3 Methodology
Nike+ users usually upload their running records to the Nike+ website as to track
their performance. For users that have permitted Nike+ to share their running
records on Twitter, once they finish a run, a message (a.k.a “tweet”) is automatically
sent to the user’s Twitter account. Since Twitter accounts are public by default,
anyone can capture and read these auto-generated runner tweets.
3.3.1 Data Source
Twitter provides streaming APIs that can be used to retrieve batches of messages
that have been posted by Twitter users. A client application can be programmed
to use this API to establish a long-lived HTTP connection with Twitter’s server
and continuously receive messages, obviating the need to poll the server. Twitter’s
Streaming API differs significantly from its REST API in the following ways: (1)
It has no API rate limit: because once the streaming connection is established,
no further API calls are needed; (2) No missed tweets: as long as the developer’s
application server has a very good network connection and runs quickly enough to
consume all tweets coming from the pipe, no tweets will be missed.
There are three modes of streaming API supported by the Twitter [51], each of
which controls what messages are received by a client application:
1. Firehose: a stream of all public messages on Twitter;
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Figure 3.1: Architecture of Our Tool for Gathering Twitter Messages
2. Sample: a stream of a small random sample of all public messages;
3. Filter: a stream of public messages that match one or more specified filter
conditions.
In this work, since we analyze only messages that are automatically sent by
Nike+ trackers, we use the filter mode to monitor running-related messages posted
by these devices.
3.3.2 Tool Design
To monitor, analyze, and store running-related messages, we designed a tool with
several modules [Figure 3.1] including (1) a monitor daemon, for constantly moni-
toring messages on Twitter; (2) an analyzer, for retrieving running information from
message text and associated meta information; (3) a database connector, for com-
municating with the database and backing up tweets; and (4) a report generator,
for generating text reports, .CSV files, and .ARFF files.
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3.3.3 Tool Implementation
We implemented our tool using Scala programming language and the H2 database.
Several open source libraries were used in our application including: (1) Twitter4J,
a Java library that wraps Twitter’s APIs [52]; (2) Slick, a database query and access
library for Scala [53]; and (3) Weka, a library of machine learning algorithms for
data mining [54].
Twitter users (or devices) can designate the Twitter group(s) on which their
messages should appear by embedding the group name prefixed by a “#” symbol
in their messages. For instance, messages generated by Nike+ trackers embed the
“#nikeplus” keyword. To retrieve these messages posted to the Nike+ runner’s
group, we filtered Twitter messages using the “#nikeplus” keyword.
In our analysis, we retrieved only messages automatically generated by Nike+
trackers because they had a more uniform format than human-generated messages,
and included meta information such as run time, duration, distance, and location of
the run. One issue with filtering messages using Twitter group names as keyword
was that some tweets sent manually by Twitter users (not auto-generated by Nike+
devices) may also contain this keyword. Therefore, after receiving the messages, we
applied a regular expression to filter out the non-auto-sent (human generated) mes-
sages. Because different Nike+ trackers use different message formats, our regular
expression was designed to match all Nike+ trackers:
ˆ(.*)I (just )?(finished|crushed) a (\d+.\d+) ?(km|mi) run ?(with a pace
of (\d+’\d+).* )?(with a time of (.+) )?with (.+)\..*$
The messages in [Figure 3.2] are examples of messages collected through the
process described above. From these messages we could determine the distance,
pace, and local time of runs.
43
• I just finished a 5.72 km run with a pace of 4’56”/km with Nike+ Running.
http://t.co/somehash #nikeplus
• I just finished a 2.38 mi run with a pace of 18’44” with Nike+.
http://t.co/somehash #nikeplus
• I crushed a 10.2 km run with a pace of 5’50” with Nike+ SportWatch GPS.
#nikeplus: http://t.co/somehash
• I crushed a 9.0 mi run with Nike+ SportBand. #nikeplus:
http://t.co/somehash
• Feel so gooood! I crushed a 6.0 km run with Nike+ iPod. #nikeplus:
http://t.co/somehash
Figure 3.2: Sample Tweets Gathered
3.4 Data Analysis
Our application collected 929,825 tweets containing keyword “nikeplus” in 3 months
(from October 10, 2012 to January 9, 2013). We eliminated some categories of tweets
for various reasons. We eliminated 338,825 tweets (36.44%) that were not written in
English and 45,809 tweets (4.93%) that were written in English but not generated
by Nike+ trackers. We also removed (0.66%, 6,144) tweets that were “retweet”s
(messages in which users quoted their friends’ messages).
We also found 11,717 tweets (1.26%) that we believed were generated for activi-
ties other than running, because the speeds of these runs were faster than humanly
possible running speeds. Specifically, runs in which the speeds were faster than the
world speed records of shorter or equal distances, were adjudged to contain errors
and were eliminated. These abnormal runs were generated by the Nike+ Running
App (when using GPS for tracking) and Nike+ SportWatch GPS. We believe that
two scenarios may have caused these abnormal speeds: (1) The location where the
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user ran had a poor or unstable GPS signal; (2) The user used Nike+ Running App
or Nike+ SportWatch GPS while performing other activities such as bicycling or
driving.
After removing the above tweets, we were left with 524,330 runner messages
(56.39%) that were sent automatically by Nike+ trackers owned by 83,415 unique
Twitter users. Hereafter, we shall call these messages as “runs” since a single mes-
sage is typically auto-generated for each run.
3.4.1 Running Statistics
All runs contain distance information either in “miles” or “kilometers”. 278,897
runs (53.19%) have duration or speed, and 362,384 runs (69.11%) have UTC offset,
the local timezone’s offset from a reference timezone, which can be used to calculate
the local time of the run.
Location of Runs
Each Twitter user has a profile in which they provide additional information about
themselves such as their location and timezone. Since Twitter allows users to fill any
character into the location field, locations sometimes were meaningless. For instance,
some users filled in “somewhere near you”, “Mars”, and “parallel universe” as loca-
tions. We also found that multiple cities shared the same name. For example, some
users filled in “Worcester” in the location field, making it difficult to tell whether
they were in the city of Worcester in Massachusetts (U.S.), Worcester in New York
(U.S.), Worcester in England (U.K.), or Worcester in Western Cape (South Africa).
Each tweet also has a data field for storing its geographic coordinates. However,
only 1231 (0.13%) of the tweets we collected contained this information.
Consequently, we used timezone instead to retrieve geo-location information. As
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Figure 3.3: Distribution of runs around the world
we know, there are 40 UTC offsets in the world. The relation between UTC offset
and timezone is 1-to-n. For example, timezone “Mexico City” and timezone “Central
Standard Time” both are in “UTC-06:00” offset. This character of timezone helps
us get better geo-location as a timezone area is usually smaller than the region of
a UTC offset. Finally, we found that runners were in 136 timezones. Colored map
[Figure 3.3] shows the distribution of runners around world. Table 3.1 shows the
top 10 timezones in which the captured runs occurred.
Since 46.79% of the analyzed runs were performed in the Eastern Timezone (US
Canada), Central Time (US Canada), Pacific Time (US Canada), Mountain Time
(US Canada), and Mexico City, we concluded that Nike+ fitness trackers were most
popular in North America. The only caveat is that this conclusion may be biased
by our removal of non-English tweets which may have been generated by Nike+
trackers. To double-check our conclusion that Nike+ trackers were most popular in
North America, we analyzed the eliminated non-English tweets, with which 241,987
runs were found. Of these runs, 27.49% were from North America, which still made
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Table 3.1: Time Zone (Top 10)
Time Zone Number of Users
Eastern Time (US & Canada) 60,596
Central Time (US & Canada) 52,765
Pacific Time (US & Canada) 35,828
London, United Kingdom 24,749
Quito (the capital city of Ecuador) 15,846
Tokyo, Japan 15,258
Amsterdam, Netherlands 12,338
Mountain Time (US & Canada) 11,988
Mexico City, Mexico 8,389
Hawaii, USA 6,849
“North America” the top geographical region for Nike+ trackers.
Running Speed
Figure 3.4 is a histogram showing the number of runs performed at each speed.
Figure 3.5 shows the number of runs performed for each unique duration. If a run’s
duration was not automatically embedded by the Nike+ device, we calculated it
using its speed and distance.
Figure 3.4 and 3.5 have roughly a normal distribution with average speed of 10
km/h and average duration of 35 minutes respectively.
Duration
In Figure 3.5, we found 265,797 runs (95.30% of runs with duration information) met
the CDC recommended duration for a single physical activity session—at least 10
minutes. However, only a few runners met the other part of the CDC’s recommendation—
performing at least 150 minutes of physical activity per week to stay healthy [Fig-
ure 3.6].
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Figure 3.4: Number of Runs at a given Speed
Figure 3.5: Number of Runs vs. Duration
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Figure 3.6: Percentage of runners who can run 150 or more minutes a week
Distance
Figure 3.7 is a histogram of distances covered by the runners. We found that (1)
Runners typically completed integral values of distance as recommended by many
training programs. Spikes were shown at 2km, 3.5km (≈ 2mile), 5km (≈ 3mile),
6.5km (≈ 4mile), 8.5km (≈ 5mile), 10km (≈ 6mile), and 16km (≈ 10mile) dis-
tances; (2) Runners usually ran slightly longer than these integral distances. We
believe these runners kept their Nike+ trackers on during their “warm up” and “cool
down” phases before and after running; (3) The distances covered also had a normal
distribution, with 5km as the most popular running distance (known as the 5K run,
which is popular with both novice and professional runners).
3.4.2 Running Patterns
Local Time of Run
362,384 runs (69.11%) with UTC offset were used in [Figure 3.6 3.7 3.8 3.9] to cal-
culate the local time when each run ended. Since running tweets were usually sent
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Figure 3.7: Number of Runs at a given distance
immediately or delayed not much after a run was completed, we assume that the
message was sent at the end time of each run. The manufacturer’s documenta-
tion indicates that Nike+ Running App (on iPhone and Android phones) will send
tweets immediately after each run if the phones have Internet connection, and Nike+
iPod Sensor, Nike+ SportBand, and Nike+ FuelBand will send tweets if they were
connected to phones with Bluetooth.
Runners preferred to run in the morning (finished around 10:00 AM) and in the
afternoon (finished around 07:00 PM) [Figure 3.8].
We expected that more runs would occur on weekends as people usually have
more free time on weekends than on weekdays. Our results, however, surprisingly
showed that there was no major difference between weekdays and weekends (Satur-
days and Sundays) [Figure 3.9]. Friday was the least popular day to run, perhaps
because most people are tired from their 5-day work week or they may prefer to
spend their Friday evenings for relaxation and entertainment.
Figure 3.10 shows seasonal patterns including holidays occurring during our anal-
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Figure 3.8: Number of Runs at a given Hour of the Day (Local time of runner)
Figure 3.9: Number of Runs on each Day of the Week
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Figure 3.10: Number of Runs on holidays
ysis period. Similar to weekends, people did not run more on short holidays. How-
ever, people ran less during long holidays such as Christmas and New Year. We
also saw a spike for the New Year when many runners try to start the year with a
resolution to run more.
For each runner, we logged the length of time between consecutive runs. For
instance, if a user ran on Monday and Wednesday in the same week, the interval is 2
days. We found 33,428 intervals (7.68%) were less or equal than 0.1 day [Figure 3.11].
We believe that was because some users ran multiple times per day.
Even though our chosen 3-month study period had several holidays and were
winter months in North America and Europe, we were still surprised that 27,222
users (32.63%) only ran once in this 3-month period, and then dropped out [Fig-
ure 3.12]. This may point to the existence of significant obstacles that led to runner
attrition. Reasons for attrition shall be studied more in future work.
Figure 3.13 shows the frequency f, calculated as the average number of runs
completed during the running period:
52
Figure 3.11: Interval between two runs
Figure 3.12: Number of Runs in three months
53
Figure 3.13: Number of Runs per week
f =
n
tn−1 − t0 (3.1)
where t0 is the time of the first run captured for a given user, tn−1 is the time of
the last captured run, and n is the number of runs for that user. Runners captured
only once are not shown in [Figure 3.13]. During our 3-month observation period,
we found most runners (82.08%) ran less than twice per week, and 2.55% runners
ran every day.
Temporal Patterns
Figure A.1 in Appendix A displays daily and weekly run times on a 2 dimensional
grid. We found that on weekends, runners preferred to run in the morning, but
on weekdays, they favored afternoons and evenings. On weekends, longer distances
were leaned toward. Specifically, the amounts of 10-mile runs and half-marathon
runs on weekends were significantly higher than those on weekdays [Figure A.2].
We also noticed that runners tended to run either very fast or slow over short
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distances (bi-modal). For longer distances, most runners reduced their speeds, pre-
sumably to complete those longer distances. Essentially, runners showed a more
narrow range of running speeds (consistent pace) for longer distances as shown in
Figure A.3.
Groups of Runs
In previous sections, we found that runs were not uniformly distributed on any
attribute, which implied that some runs were similar to each other and clustered. In
order to find clusters of similar runners, we performed a clustering on 10% (random
sample) of our dataset. As previously mentioned, distance, speed, and hour of the
day approximately had normal distributions. Therefore, the K-means algorithm
was a reasonable choice for clustering runs. In order to find the optimal number
of clusters, which is an important parameter in K-means clustering, we used the
ExpectationMaximization (EM) algorithm during clustering. 4 clusters were found
with 10-fold cross validation [Table 3.2]. Thirteen iterations were performed. The
log likelihood was -8.99851.
These clusters are shown in Figure 3.14, and have the following characteristics:
Cluster 0 Most runs in cluster 0 were done on Tuesdays with a moderate speed
(column 3, row 1).
Cluster 1 Runs in cluster 1 were performed with a longer distance (column 0)
and a moderate speed (column 1, row 0). Saturdays were preferred running days
(col 3, row 2).
Cluster 2 Runs in cluster 2 had a big variance in speed, covering from the lowest
to the fastest (column 1, row 1). The distance of this cluster was shorter, compared
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Table 3.2: Groups of runs
Attributes
Clusters
0 (31%) 0 (22%) 0 (23%) 3 (24%)
Distance
Mean 6.37 8.66 4.76 5.19
StdDev 3.72 4.40 2.40 2.33
Speed
Mean 9.93 10.34 9.39 9.91
StdDev 1.82 1.13 2.91 0.33
Hour of Day
Mean 13.91 13.64 14.25 13.83
StdDev 4.45 5.11 5.49 5.45
Day of Week
SUN 1 3638.13 1366.94 374.94
MON 1.00 2095.06 2702.82 484.12
TUE 15973.50 1385.38 2222.18 1919.94
WEN 1.00 873.53 1577.43 2716.04
THU 1.00 851.89 1568.73 2827.38
FRI 1.00 845.87 1227.67 2018.46
SAT 1.00 1846.34 1159.59 1872.08
ALL 15979.50 11536.19 11825.35 12212.96
Figure 3.14: Clusters shown with attributes
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to cluster 1 (column 1, row 0). Mondays were preferred running days (col 3, row 2).
Cluster 3 The speed of runs in this cluster was moderate and with a very low vari-
ance (column 1). Runs were seldom performed on Sundays and Mondays. Wednes-
days and Thursdays were the preferred running days (column 3, row 2).
No significant characteristic on “Hour of the Day” was found among these 4
groups of runs.
3.5 Summary
In this study, we explored the use of Twitter, a popular social networking service, in
characterizing the performance and behavior of runners over a 3-month period. We
found that (1) fitness trackers were popular in North America; (2) one third of the
runners dropped out after their first runs; (3) over 95% of runners ran for at least 10
minutes per session which exceeds the CDC recommendation for maintaining good
health; but (4) less than 2% of runners consistently ran for at least 150 minutes on
each week during our 3-month study; (5) the holiday season affected the number of
runs negatively; and (6) on weekdays, people ran less during typical working hours.
We found that the 5K run, morning run, and afternoon run were popular.
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Chapter 4
A Context-aware Smartphone
Application: On11
After the pre-survey and the runner study on Twitter, we realized that jogging may
not be the silver bullet for mitigating sedentary lifestyles.
First of all, working hours are the times in which sedentary behaviors usually
occur, however, it is inappropriate to ask people to perform a run while they are
working. Second, we saw that one third of runners dropped out after one run in
the previous Twitter study we conducted. No matter what factors caused the quits,
regular running was just too hard to be a universal solution. Third, light-intensity
physical activity (LPA) is also an option.
As mentioned in previous chapter, research results showed that substituting
sedentary behaviors with standing or LPA may reduce the risk of chronic diseases
and mortality, independent of the amount of MVPA undertaken. Therefore, why
don’t we step back and figure out an easier way to help people be more active, like
promoting light-intensity physical activity?
Encouraging short walks might be more accepted than promoting jogging, and
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as promoting more ad-hoc activity sessions during the day might be more beneficial
than promoting a big session after working hours.
4.1 Background
Many fitness applications on smartphones can help people track MVPAs. For ex-
ample, “Nike+ Running” [55] tracks indoor & outdoor running , “Endomondo” [56]
tracks outdoor sports like running, walking, cycling, etc, and “RunKeeper” [57]
tracks the same outdoor sports as Endomondo does . These applications increase
people’s awareness of how they perform physical activities as presenting numbers
such as “steps”, “distance”, “duration”, and “burnt calories”. However, this kind
of tracking applications is not context-ware and can not provide personally tailored
suggestions and recommendations.
In the smartphone application we developed, which is called “On11”, we do not
only track MVPAs, but also track LPAs and identify sedentary behaviors. More
importantly, our app provides activity recommendations based on users’ geographic
patterns.
4.2 Context Awareness
The definition of “context” varies in different scenarios. In our case, we define
“context” as the combination of the information for understanding listed below.
4.2.1 Time
As we discovered from the Twitter study, people were more likely to run in the
mornings and evenings during weekdays and in the day time on weekends. If a
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fitness app can be time-aware in terms of knowing when is the best time to remind
and suggest users to pickup some long- or short-episode LPAs or MVPAs, the users
may be more willing to accept the suggestions.
4.2.2 Location
From Toscos et al.’s work [58], we learnt that “lack of resources” is one of the barriers
stopping people to be more active. “Location” is one of the most needful resources.
If locations like gyms and fitness clubs are located around some one, she/he will have
lower time cost and mental burden to perform some MVPAs there. If no nearby
gym or fitness club exists, a “smart” app should figure out the nearby fields that
can be used as places for walking (LPA) or jogging (MVPA).
4.2.3 Weather
Another important resource is “weather”. If a user’s current location has a high
chance of precipitation, suggesting any outdoor physical activity will be inappro-
priate. Other weather conditions like high/low temperature and poor air quality
should also be put into consideration when providing suggestions.
4.2.4 Personal Information
“Understanding” the user is always necessary and vital for an app before generating
personally tailored recommendation. By collecting personal information automati-
cally from the smartphone, an app can achieve a certain level of understanding.
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Schedule
With user’s electronic calendar like Google Calendar, a smartphone app can figure
out user’s schedule and decide when is not proper to popup activity recommenda-
tions. This level of smartness or intelligence can also be accomplished by analyzing
user’s emails with natural language processing (NLP) techniques.
Activity Level
With the accelerometer and GPS which have been equipped with the majority of
smartphones in the market, smartphone apps can estimate how active the user is
by logging the acceleration changes and location changes. If a fitness app notices
the user is inactive through the day, it could give some suggestions based on its
observations.
Profile Information
Profile information provided by the user is important for tailoring recommendation
and estimating activity level. “Weight”, for instance, will not only be used to
calculate the burnt calories, but also to decide whether a specific physical activity
should be recommended. For example, running may not be a good idea for elder
and overweight users because their knees and calves may not be able to endure the
impact in such kind of intensive physical activity. Other factors like height, waist,
gender, and medical history should also be considered.
User Preferences
Although some preferences we found from our survey and Twitter study are quite
common, we cannot apply them to everyone. Preferences on physical activity are
different from person to person. A smart app should learn user’s preferences from
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Figure 4.1: Architecture of On11
previous usage history. Take weather as an example, although majority of peo-
ple prefers to take a stroll or jog in warm days, some people love jogging in high
temperature (around noon) as to sweat more.
4.3 App Design
On11 consists of three main modules: activity logging, inactiveness detector, and
recommendation system. Besides, a battery management module for optimizing
battery life and modules for profile & goal settings are integrated. The architecture
is shown in Figure 4.1.
4.3.1 Function Design
In typical pedometer, the major feature is to count the amount of steps user walked.
Since smartphone has enough computation resource to do more analysis on the raw
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acceleration reading, our app does not only log walking, but also log other physical
activities like running and sitting. Therefore, we put an activity classifier in the
activity logging module to recognize the physical activity the user is performing.
Based on the logs, we can learn when the user is inactive and when the sedentary
behaviors take place. An intervention will be triggered immediately if On11 finds
a user is inactive for a long period (30 minutes). In the current version of On11,
if a user sits more than 95% of each intervention cycle (30 minutes), she/he is
considered “inactive”. The inactiveness detector module in our app is responsible
of this function.
After On11 detects a user is inactive for a relatively long time, recommendation
system will try to provide personalized recommendations. The recommendation
content is limited to promoting walking since walking, as a LPA, is easier for user to
accept and, as we mentioned, preventing sedentary is as important as doing exercise.
In the recommendation, we encourage users to walk more by (1) adding detours into
their usual home–office routes and the routes to their frequent-visit destinations; and
(2) suggesting to them that they walk around their work place to a destination such
as a coffee shop.
Previous studies showed that setting a goal may be a key motivational factor for
increasing physical activity, no matter whether the goal is aggressive or conservative
[18]. In On11, we provide three types of goals: Keep Healthy, Lose Weight, and Burn
Calorie. Details of goal setting will be explained in next section.
Since some On11’s functions have to run in background to collect data and log
activities, the battery life of the smartphone will be affected significantly. Therefore,
a battery management module is reasonable and necessary. In On11, a battery
manager will cooperate with activity logging module to optimize battery life.
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4.3.2 User Interface Design
User interface (UI) plays a very important role in On11 because the more users are
engaged in using this app, the more likely it is that they can be motivated to be
active. On11 has five distinct UIs: main, recommendation, detour map, profile, and
goal.
Main UI
The Main UI provides an “at-a-glance” information of the weather and how active
the user is [Figure 4.2]. The screen contains two parts—weather board and activity
dashboard. It is the first screen users will see after launching the app. The upper half
of the screen is the weather dashboard, which shows the latest weather information
of current location and a nice background photo picked by National Geographic
from “Photo of the Day : Nature & Weather” channel [59]. The lower half is the
activity dashboard, displaying the summary of the user’s daily physical activities:
(1) How many calories have been burnt so far (estimated by On11); (2) How is
current progress towards personal goal (the blue progress bar under calorie number);
(3) How many minutes the user has spent on Less-active, Sitting, Walking, and
Running. Users can view the history data by clicking the navigation buttons (“<”
and “>”) on the left and right.
Recommendation UI
Recommendations generated by On11 and sorted by the possibilities the user will
probably accept are shown in the Recommendation UI [Figure 4.3]. Since it may
take some time to generate personalized recommendations, an animation will be
shown on the screen while the app is calculating [Figure 4.4].
In each recommendation item, user’s current location is shown on the left side,
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Figure 4.2: Main UI
Figure 4.3: Recommendation UI
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Figure 4.4: Recommendation UI
the recommended detour is in the middle, the suggested walking destination is on
the right side, the total distance is put at bottom left, and the estimated calories
is at the bottom right. The color of each recommendation indicates how intensive
the recommended walking activity is. Orange color means “hard” in terms of the
amount of calories will be consumed, and green color means “easy”.
Detour Map UI
When a user clicks a recommendation item, a walking route for that recommendation
will be rendered on a 3D map [Figure 4.5]. The origin, destination, and detour will
be shown on the map together with the route.
Profile UI
In the Profile UI [Figure 4.6], users can input their gender, age, height, and weight
for better estimating their burnt calories. Also, users can choose their preferred
units (imperial or metric).
66
Figure 4.5: Detour Map UI
Figure 4.6: Profile UI
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Figure 4.7: Goal UI
Goal UI
On11 provides three types of goals: Keep Healthy, Lose Weight, and Burn Calorie.
As to maintain simplicity, only one goal can be activated in our app [Figure 4.7].
4.4 Implementation
We implemented On11 on Android OS 4.0+ (API 14+). The smartphone we used
was Google’s smartphone Nexus 4 [60].
Besides Android API, other dependencies are listed below:
• foursquare-api-java, version 1.0.3 [61]
• JDOM, version 2.0.4 [62]
• ORMLite, version 4.45 [63]
• Weka, version 3.6.6 [64]
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Figure 4.8: Sensor API’s Coordinate System (relative to a device) [65]
• Google Play Services SDK [37]
4.4.1 Activity Logging
Raw Data
The first step of activity logging is to read acceleration data from the onboard ac-
celerometer with Android API. Android OS provides two three-dimensional vectors
presenting the direction and magnitude of linear acceleration (acceleration exclud-
ing gravity) and gravity respectively. The coordinate system of these two vectors is
defined relative to the smartphone’s screen. When the smartphone is held as shown
in Figure 4.8, X axis is horizontal and points to the right, the Y axis is vertical and
points up, and the Z axis points toward the outside of the screen face.
Coordinate System Transformation
In the world coordinate system, different physical activities have their distinct char-
acteristics in terms of acceleration. When a user is carrying her/his smartphone,
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Figure 4.9: Coordinate System Transformation
the coordinate system of the phone may not be the same as the world coordinate
system—the posture of smartphone will change the mapping of smartphone’s local
coordinate system to world coordinate system. Therefore, to identify physical activ-
ities in the real world, we need to transform the linear acceleration vector collected
from smartphone to the world coordinate system [Figure 4.9]. As the direction of
gravity vector g = (xg, yg, zg) is always pointing to the center of Earth, we can
simply convert the three-dimensional linear acceleration vector a = (xa, ya, za) to a
two-dimensional vector (ha, va), where va =
a·g
|g| and ha =
√
|a|2 − va2.
Activity Recognition
In order to recognize different physical activities, we gathered logs of users’ acceler-
ation data while they were performing various activities. We developed an Android
application (Figure 4.10) to collect sample data (3D acceleration and gravity) for
later classifier training. The app ran on Google’s Nexus 4 with Android OS version
4.3 [66]. It collects raw 3D data from the linear acceleration sensor and gravity
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Figure 4.10: Data Collection App
sensor at a sampling rate between 500Hz and 600Hz.
During data collection, two subjects performed 3 types of physical activities—
sitting (less-active), walking, and jogging—in combination with 4 phone positions—
trouser pocket, jacket pocket, shoulder bag, briefcase, and in their hand (Fig-
ure 4.11). We added an additional scenario: phone left on table. For the additional
scenario and each combination of physical activity and phone position, we collected
7 minutes of data.
Then, we transformed the acceleration data to a global coordinate system as
described above and extracted four features from the transformed acceleration:
(hµ, hδ, vµ, vδ), the averages and standard deviations of ha and va for 4-second period,
which were used in [67–69].
Finally, 2,330 four-second samples with physical activity type label were col-
lected. The data shows significant differences between different physical activities
[Figure 4.12].
Then, we used Weka for training the classification model. As in [68], Jennifer
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(a) Trouser Pocket (b) Jacket Pocket (c) Shoulder Bag
(d) Briefcase (e) Desk
Figure 4.11: Phone Positions
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Figure 4.12: Acceleration Samples for Different Physical Activities
Table 4.1: Accuracies of Activity Recognition
Activities
% of Records Correctly Classified
J48 Logistic MultilayerPerceptron Na¨ıveBayes
Phone on Table 97.5 96.7 0.0 99.2
Sitting 99.5 100.0 100.0 84.6
Walking 99.8 99.8 99.9 99.7
Jogging 100 99.3 100.0 100.0
Weighted Avg. 99.7 99.6 94.8 97.1
*. with 10-fold cross-validation
R. Kwapisz et al. have shown that decision trees (J48), logistic regression, and
multilayer neural networks can achieve high levels of accuracy on smartphone with
single accelerometer. For the two most common activities, walking and running,
accuracies above 90% can be achieved generally. Therefore, we tried J48, Logistic,
and MultilayerPerceptron in Weka. In addition, we also tried Na¨ıveBayes. The
10-fold validation results are showed in [Table 4.1].
Based on the results, decision tree and logistic regression had better overall
performance. MultilayerPerceptron cannot recognize any “Phone on Table” cases,
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Figure 4.13: On11’s Notification Shown in Android OS
and Na¨ıveBayes was relatively inaccurate on recognizing “Sitting”. Considering the
computational complexity and ease of implementation, we decided to use J48 in our
On11 app.
4.4.2 Inactiveness Detector
After activity recognition, On11 will know how active the user is. If a user is
inactive 1 for more than 95% of the last 30 minutes, which is 27 minutes, On11 will
notify the user by flashing the notification LED on the phone, playing a notification
sound or vibrating, and recommend that the user should stand up and take a walk
[Figure 4.13]. A more intelligent inactive detector is shown in Figure 4.14, which
puts user’s calendar schedule into consideration.
4.4.3 Recommendation System
How to motivate people to be more active is a complicated and difficult task. Good
suggestions should not only “make sense” to the user, but also be “appropriate” in
terms of recommending affordable physical activities of proper intensity level. We
considered several factors such as expense and risk of injury to make our recom-
mended activities appropriate.
1We consider “Sitting” and “Phone on Table” as “inactive”. We assume our app users only put
their phones on the table when they are less-active.
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Figure 4.14: Flowchart of Inactiveness Detection
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Location History
On11 uses the smartphone’s GPS, Cell-ID, and Wi-Fi to detect the user’s location.
Only locations at which the user has stayed consecutively for more than a “duty
cycle” 2 will be considered as visited locations.
Once On11 collects enough location history, it will be able to figure out the user’s
habits like “when the user usually goes for lunch” and “when the user will go back
home”.
Nearby Places
Using Foursquare’s API [70], On11 can find interesting nearby locations (as known
as “venues” in Foursquare) for a given location. These venues will be used in On11
as waypoints for generating detours.
Detour
On11 predicts the user’s next possible locations from location history. When a user
asks for a recommendation, it will generate several walking routes from the current
location to these predicted “next locations”. Since we want to encourage users to be
more active, a detour waypoint will be added into the route. For instance, if a user
usually walks from home to her/his office, then, On11 will first recommend that this
user should walk from home to a coffee shop, which is located near the midpoint of
her/his daily route, and then, walk from this coffee shop to the office.
If On11 cannot find any possible “next location”, it will use current location as
both the origin and destination for a route. Venues near the current location will
be used as detour waypoints. In other words, On11 will generate a round trip from
the current location to a venue.
2It will be explained in “Battery Manager” section.
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Then, walking routes will be generated using Google’s Directions [71] to guide
the user walk from the current location to the destination via a detour waypoint.
More details of the flow are described in Figure 4.15.
Finally, tailored recommendations will be generated and provided by On11 [Fig-
ure 4.16].
4.4.4 Profile & Goal Setting
In order to more accurately estimate how fast a user burns calories, we need to know
(1) what physical activities the user has performed, which can be done through ac-
tivity recognition; (2) the corresponding physical activity METs, which can be found
in [19]; (3) the user’s basal metabolic rate (BMR)—the rate of energy expended by
humans in a neutrally temperate environment and in the post-absorptive state—
which can be estimated with Miﬄin St Jeor Equation [41] [Equation 4.1]; and (4)
the user’s physical information (weight, height, age, and gender), which will be used
for calculating BMR and estimating burnt calories. In On11, we made a UI for users
to input the physical information.
P = (
10 · w
1kg
+
6.25 · h
1cm
− 5.0 · a
1year
+ s)
kcal
day
(4.1)
where w is weight, h is height, a is age, and s is adjustment, which is +5 for males
and 161 for females.
As we mentioned earlier, previous studies showed that setting a goal might be a
key motivational factor for increasing physical activity. On11 provides users three
types of goal: “Keep Healthy”, “Lose Weight”, and “Burn Calorie”. All these types
of goal will finally be translated into a number—how many calories need to be burnt
per day.
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Figure 4.15: Flowchart of Generating Detours for <origin, destination> Pair
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Figure 4.16: Flowchart of Recommendation System
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According to McArdle et al.’s study in 1996 [72], five levels of daily average
metabolic rate were defined as follows: (1) Sedentary, BMR × 1.2 (little or no
exercise, desk job); (2) Lightly Active, BMR × 1.375 (light exercise/sports 1–3
days/week); (3) Moderately Active, BMR × 1.55 (moderate exercise/sports 3–5
days/week); (4) Very Active, BMR × 1.725 (hard exercise/sports 6–7 days/week);
and (5) Extremely Active, BMR× 1.9 (hard daily exercise/sports & physical job).
In On11, “Keep Healthy” goal means that a user wants to be active enough,
which means her/his average metabolic rate should be at least at “Moderately Ac-
tive” level. Therefore, we use BMR×1.55 to calculate the goal in terms of calories.
The “Lose Weight” goal is easy to understand. On11 estimates how many calories
the user needs to burn based on how many pounds she/he wants to lose. We assume
losing 1 pound requires burning at least 3,500 calories.
If a user enables “Burn Calorie” goal, this implies that the user knows exactly
how many calories she/he wants to burn. Then, we use the given number directly.
4.4.5 Weather & Background Image Updater
Recommending outdoor activities may not be a good idea in bad weather conditions
such as rainy and snowy. On11 fetches weather information from a weather service
called “World Weather Online” [73] for user’s current location and displays it on
the weather dashboard of Main UI. Users can make their own decisions on whether
they want to accept On11’s recommendations based on current weather conditions.
When a user opens On11, the background image of weather dashboard [Fig-
ure 4.17] will be updated automatically if the smartphone has Wi-Fi connection
(as to save cellular data usage). The images are fetched from “Photo of the Day:
Nature & Weather” page of National Geographic website [59].
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Figure 4.17: Weather Dashboard in On11
4.4.6 Battery Manager
On11 runs two services in the background: location logging service and acceleration
logging service. Both these two services will use sensors frequently, which means the
battery life of smartphone may be significantly affected. A practical way to improve
battery life and at the same time keep fidelity is to dynamically adjust the duty
cycle (frequency) of sampling sensor reading. This kind of strategies is widely used
in battery-sensitive fields such as mobile wireless sensor network (MWSN).
In On11, we adopt a simple approach, additive-increase/multiplicative-decrease
(AIMD), a feedback control algorithm best known for its use in TCP Congestion
Avoidance [74]. In our implementation of AIMD, four parameters are required:
minimum cycle length (min), maximum cycle length (max), increase step length
(inc), and decrease rate (dec).
For location logging, parameter setting for AIMD is (32, 128, 16, 0.25), which
means: (1) On11 will check current location every 32-128 seconds; (2) if no significant
location change is observed, it will add 16 seconds to the sample cycle; otherwise, (3)
it will decrease the sample cycle to one quarter of previous sample cycle. Similarly,
for acceleration logging, we set parameter (0.1, 3.2, 0.1, 0.5), as to ensure that On11
increases the sample frequency quickly if it found the user is active.
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Figure 4.18: Fitbit Flex worn on my wrist
4.5 Preliminary Evaluation of App Functionality
The evaluation of On11 consists of two parts: app functionality and efficacy of
sedentary lifestyle intervention. In this section, we evaluates app functionality—the
calorie estimation and battery consumption. In next chapter, we will discuss the
evaluation of the lifestyle intervention.
4.5.1 Calorie Estimation
Although the “10-fold validation” we used in training activity classifier had ensured
the accuracy of activity recognition at a certain level, we wanted to see how well it
works on calorie estimation when compared to the “ground truth” product, Fitbit
fitness tracker. The device model we used in this comparison is Fitbit Flex [75] as
shown in Figure 4.18.
The procedure for estimating burnt calories on Fitbit involves 3 steps: (1) col-
lecting acceleration data from the on-board accelerometer; (2) recognizing walking
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steps from acceleration data; and (3) estimating burnt calories with the amount of
steps and the user’s physical information.
As we detailed in previous sections, On11 has a different approach from Fitbit.
On11 recognizes physical activities instead of walking steps, and then, it estimates
burnt calories with the durations of physical activities and activities’ METs.
To compare our On11 app with Fitbit, a subject wore a Fitbit Flex tracker and
carried a smartphone running On11 at the same time for 1 hour. Figure 4.19 shows
burnt calories estimated by Fitbit Flex, which is 134.4 kcals in total. Figure 4.20
shows the classification result given by On11. Currently, On11 does not provide a
view for presenting calories burnt for a given time range. Therefore, we calculated it
manually with the same procedure behind On11 [Equation 4.2] and got result—127.5
kcals.
e =(tinactive ·METinactive + tsitting ·METsitting
+ twalking ·METwalking + tjogging ·METjogging) · w
+ (tlessactive + tsitting + twalking + tjogging) ·BMR
(4.2)
where e is burnt calorie, w is weight, t is time, and MET and BMR have been
previously explained in Equation 1.1 and Equation 4.1 respectively.
Although On11’s estimation was 5.1% less than Fitbit Flex’s, we think this is
reasonable since Fitbit Flex was worn on the subject’s wrist while the smartphone
was in the subject’s trouser pocket. When the subject was sitting and typing key-
board, Fitbit Flex was able to capture the details of the subject’s activity—hand
movement, but On11 could not.
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Figure 4.19: Fitbit’s Estimation of Burnt Calorie
Figure 4.20: On11’s Estimation of Burnt Calorie
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4.5.2 Battery Consumption
Measuring battery consumption without disassembling the smartphone and profes-
sional equipment was very difficult. Aaron et al. [76] used Neo FreeRunner, an
open source mobile phone made by Openmoko [77]. All the hardware and software
details, including specification and implementation, are open-sourced [78]. Since
the hardware specification is available, the authors were able to measure the power
consumption by inserting sense resistors on the power supply rails of each hardware
components on the motherboard and measuring the the voltage with National In-
struments PCI-6229 DAQ. Mittal et al. [79] used a smartphone with a removable
battery. So, a power meter could be used to directly measure the battery by insert-
ing the sense resistors between the battery and the smartphone power port. In their
study, they also used an Ericsson cellular data development board to control the
cellular signal strength via an RF signal strength attenuator. Since the smartphone
we used is a consumer product, which uses an integrated battery and is not designed
for experimentation, we evaluated the battery efficiency at the OS level instead of
the physical level.
The Android OS provides its users with a battery manager function detailing
the battery usage in a visual way. In our study, we evaluated our app using this
tool. We performed 3 experiments with the same experimental configurations: (1)
the battery was fully charged; (2) the smartphone was reset; (3) no app other than
On11 was running; (4) the phone was connected to the WPI Wireless network; and
(5) no SIM card was inserted.
The first experiment lasted for one day. We turned on the dynamic duty-cycle
algorithm on On11. On11 adjusted the GPS sampling cycle between 32 seconds
and 128 seconds and controlled the acceleration sampling cycle between 0.1 seconds
and 3.2 seconds. Result [Figure 4.21] showed that the whole smartphone system
85
Figure 4.21: On11: 1-Day Test
including hardware and software consumed 24% of the battery in one day, and
On11 used 50% of the consumed energy, which was 12%.
With the knowledge we got from the first experiment, the second and third
experiments were only conducted for 1 hour. In the second experiment, GPS sam-
pling cycle was 128 seconds, and accelerometer sampling cycle was 3.2 seconds.
The third experiment used 32 seconds and 0.1 seconds for GPS and accelerometer
respectively. Theoretically, the battery consumption percentage of On11 when ap-
plying the dynamic duty-cycle algorithm should be above the percentage of On11
with slower sampling rate but below the percentage of On11 with faster sampling
rate. However, the results [Figure 4.22 and 4.23] were very unexpected. Faster and
slower sampling rates had exactly the same battery consumption percentage as the
dynamic duty-cycle algorithm had.
Then, we closely inspected the Android OS behaviors by monitoring the system
logs. We found that Android API did not promise the sampling rate. When the
screen was locked, Android OS’s gradually slowed down the sampling rates of the
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Figure 4.22: On11: 1-Hour Test with High Sampling Rate
Figure 4.23: On11: 1-Hour Test with Low Sampling Rate
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accelerometer and GPS, no matter how fast On11 asked the system to do. As a
result, our dynamic duty-cycle algorithm was not executed through to the end.
We could not find a way to disable this Android OS build-in battery-protection
mechanism. We hope that Google will give Android developers more freedom on
OS level battery optimization in the future.
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Chapter 5
User Study of On11
To evaluate the functionality and the user experience of On11, we conducted a
user study at Worcester Polytechnic Institute with participants recruited from the
Social Science Participant Pool and Interaction Lab. 7 subjects were recruited
from the pool, and 2 participants from the Interaction Lab of the Department of
Computer Science volunteered. The study started on November 8, 2013 and ended
on November 22, 2013.
5.1 Study Design
Our user study consists of 3 parts: a User Guide Tutorial, an App Trial, and a Post-
survey. In the User Guide Tutorial session, we helped the participants install our
On11 app and setup their Android phone properly. After the tutorial, participants
started 2 weeks of using On11. During the 2 weeks, we provided full technical
support online through Google+ Communities and email. After the trial, we then
asked the participants to answer a questionnaire regarding to their experience of
using On11 and describing the changes in their behavior.
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5.1.1 Risks to Study Participants
Generally, there is no foreseeable risk. However, because On11 will automatically
detect user’s physical activity level and provide recommendation accordingly, the
user of On11 might be more aware of how active she/he is than she/he used to
be. The awareness of physical activeness may discomfort the user psychologically if
she/he lives a sedentary lifestyle and is not willing to change it.
5.1.2 Benefits to Participants and Others
To the WPI students from Social Science Participant Pool, research credits were
given upon the accomplishment of the study. To other participants, there was no
direct benefit.
5.1.3 Confidentiality
Subjects’ usage data of On11 was collected and stored on Google Play Developer
Console. No personal identifying information was collected and stored. The survey
responses were stored on Google Drive. Records of subjects’ participation in this
study were held confidential so far as permitted by law. However, the study investi-
gators, the sponsor or its designee, and, under certain circumstances, the Worcester
Polytechnic Institute Institutional Review Board can inspect and have access to
confidential data that identify subject by name. Any publication or presentation of
the data does not identify any subject.
5.1.4 Compensation
Because of the nature of this research, no injury could be caused as a result of partic-
ipation. No compensation or treatment was provided by WPI or the investigators.
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5.2 Study Protocol for User Guide Tutorial
On November 6, 2013 and November 7, 2013, we provided 2 training sessions to
the study subjects. In the training sessions, we first gave a brief introduction of
our study. Then, we read and explained the “Informed Consent Agreement for
Participation in a Research Study” to the participants. After collecting signed
consent forms, we played a video demo of how to use On11 and helped participants
install the app and setup wireless network if necessary. More details of the study
protocol could be found in Appendix B.
5.3 Problems Faced in App Trial
After the tutorial, 9 participants started to use On11 for 2 weeks. One participant
quit the user study because she/he dropped the psychology course and didn’t care
about the research credits any more.
During the 2 weeks, participants were asked to report any changes regarding the
behaviors of the app. The first request was about the “Inactiveness Notification”. By
default, On11 will vibrate the phone to inform the user she/he is inactive. However,
one participant told us she/he did not like the vibration. Therefore, we added
an option in the app to disable vibration and deployed a new version to all our
participants’ smartphones immediately.
Android phones come in many screen sizes, resolutions, pixel densities, and all
other hardware specifications. As a consequence of this problem, the same app may
have different behaviors on different Android phones, including but not limited to UI
rendering, sensor reading, and system response speed. Two participants experienced
an abnormal UI rendering issue. We spent one day fixing it and deployed the update.
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5.4 Post-survey & the Summary of User Study
After the 2-week app trial, the 8 participants answered a questionnaire we designed
regarding their experience of using On11 and the change of their behavior. 42
questions were included. The survey provided us (1) the general information of
our participants, like demographic information and physical activity level; (2) the
participants’ overall impression of On11’s UIs and functionality; and (3) how much
influence were made by On11 on their behaviors [Appendix C].
Since the amount of subjects was not large enough to be statistically significant
to support any sound conclusion, in this section, we discussed commonly agreed
points and the qualitative comments made by the participants. In the future, when
On11 is polished and the problems mentioned in the last section are resolved, we
will apply for IRB approval and publicly release On11 through Google Play Store.
5.4.1 Consensuses
First of all, most of our participants reported that activity recognition works accu-
rately and inactivity was caught correctly. However, the acceleration reading from
one participant’s phone was not accurate. The manufacturers of that phone might
not have calibrated the accelerometer properly.
Secondly, we found many “Phone on Table” events in our participants’ daily life
[Figure 5.1]. This fact implies that smartphone may not be the best device to do
the “24 × 7” activity tracking. Maybe, wearable devices are the better tools for
physical activity tracking. We may conduct a study to compare wearable device
with smartphone in the future.
Thirdly, the participants commonly didn’t want to be bothered by telling them
“you are inactive” too frequently. How to make the point while not being irritating
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Figure 5.1: Average Activity Time
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is what we need think about in the future.
Fourth, people liked our way of presenting activity time. One subject mentioned
in the post-survey,
“Very cute and definitely the aspect I utilized the most when using
the app. It was a good comparison at seeing how sedentary or active I
am in a given day.”
Also, the overall UI was liked:
“Design of the app was organized and fairly straightforward.”
“Background added positively to the visual appeal.”
Finally, we found that all of the participants have very clear goals: lose weight
(3 of 8), keep healthy (3 of 8), and body building (2 of 8).
5.4.2 Other Comments
Wanting a Reward
“Feature was interesting and somewhat accurate, but I think it might
be more useful if there was someway to have the app know when you
take these suggested routes and reward you for it.”
How Much to Detour
“I sometimes followed the recommendations that slightly altered my
route, but if the route was altered too much it was too inconvenient to
follow.”
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Battery Drain
“I would love to see this improved. However having it using GPS
constantly drains my phone really quickly.”
“My phone died around 2 today. I woke up at 7. I thought it would
use less power haha”
5.4.3 Summary
From the post-survey, we learned that (1) putting phone on table is a very common
to smartphone users; (2) when a user’s phone is on table, we cannot track her/his
physical activity; (3) the way to notify a user she/he is active should be carefully
studied and well designed; and (4) battery life is the key bottleneck in making On11
more useful and powerful.
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Chapter 6
Conclusion
We found a notable amount of people had health concerns. In our case, 34 students
(42.0%) were at risk of obesity or were already obese, and 66 students (81.5%)
considered themselves to be in a “sub-health condition” or not healthy. People were
not satisfied with the frequency of exercises they were performing and wanted to
be more active. Further more, they wished to measure the physical activities they
are taking and want to know how many calories they had burnt through the day.
They believed that smartphone can help to better manage their physical activities,
in terms of monitoring, tracking, motivating, and giving advice.
Second, by analyzing 929,825 tweets sent by a runner group on Twitter over a
3-month period, we found that one third of the runners dropped out after their first
runs, and over 95% of runners ran for at least 10 minutes per session which exceeds
the CDC recommendation for maintaining good health, but less than 2% of runners
consistently ran for at least 150 minutes on each week during our 3-month study.
Regular running was just too difficult to be a universal solution to sedentary
lifestyle. It is inappropriate to ask people to perform a run while they are at work.
However, working hours are the times in which sedentary behaviors usually occor. As
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substituting sedentary behavior with standing or LPA may reduce the risk of chronic
disease and mortality, independent of the amount of MVPA undertaken. We step
back and promote light-intensity physical activity such as short walks instead of
runs and encourage ad-hoc activity sessions during the day time instead of a single
big session after working hours.
Finally, with the smartphone application we developed, On11, we tested the our
new idea—detecting sedentary behaviors & suggesting walking detours. According
to user study, the functions of On11 worked as we expected. We will continue
improving and refining our On11 application based on the suggestions and comments
given by the 8 subjects. We hope On11 will be tested publicly in a bigger study
group in the future.
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Appendices
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Appendix A
Establishing the Difficulty of
Running
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SUN MON TUE WED THU FRI SAT (blank)
[081] 0.09% 0.08% 0.12% 0.11% 0.11% 0.10% 0.08% 0.00% 0.69%
(182] 0.07% 0.05% 0.07% 0.08% 0.07% 0.07% 0.07% 0.00% 0.47%
(283] 0.05% 0.05% 0.06% 0.06% 0.06% 0.05% 0.05% 0.00% 0.39%
(384] 0.05% 0.06% 0.06% 0.06% 0.06% 0.05% 0.05% 0.00% 0.39%
(485] 0.05% 0.10% 0.11% 0.10% 0.11% 0.10% 0.06% 0.00% 0.63%
(586] 0.09% 0.24% 0.29% 0.28% 0.26% 0.22% 0.10% 0.00% 1.48%
(687] 0.20% 0.47% 0.53% 0.51% 0.50% 0.43% 0.25% 0.00% 2.89%
(788] 0.46% 0.54% 0.61% 0.63% 0.60% 0.51% 0.54% 0.00% 3.90%
(889] 0.71% 0.54% 0.55% 0.56% 0.58% 0.51% 0.82% 0.00% 4.27%
(9810] 0.91% 0.52% 0.51% 0.48% 0.57% 0.47% 0.91% 0.00% 4.37%
(10811] 0.92% 0.47% 0.44% 0.46% 0.51% 0.43% 0.89% 0.00% 4.13%
(11812] 0.89% 0.45% 0.46% 0.40% 0.46% 0.41% 0.81% 0.00% 3.89%
(12813] 0.81% 0.47% 0.49% 0.42% 0.45% 0.41% 0.67% 0.00% 3.73%
(13814] 0.63% 0.43% 0.44% 0.40% 0.41% 0.37% 0.57% 0.00% 3.25%
(14815] 0.56% 0.40% 0.39% 0.37% 0.38% 0.34% 0.50% 0.00% 2.96%
(15816] 0.58% 0.43% 0.45% 0.43% 0.40% 0.38% 0.52% 0.00% 3.18%
(16817] 0.65% 0.60% 0.60% 0.57% 0.55% 0.48% 0.56% 0.00% 4.01%
(17818] 0.69% 0.84% 0.83% 0.82% 0.75% 0.57% 0.57% 0.00% 5.09%
(18819] 0.57% 0.93% 0.94% 0.90% 0.81% 0.56% 0.44% 0.00% 5.15%
(19820] 0.44% 0.86% 0.88% 0.83% 0.74% 0.47% 0.34% 0.00% 4.55%
(20821] 0.35% 0.69% 0.73% 0.65% 0.62% 0.37% 0.26% 0.00% 3.68%
(21822] 0.28% 0.52% 0.58% 0.53% 0.48% 0.28% 0.21% 0.00% 2.88%
(22823] 0.20% 0.34% 0.38% 0.33% 0.32% 0.20% 0.17% 0.00% 1.95%
(23824] 0.13% 0.20% 0.21% 0.20% 0.19% 0.14% 0.11% 0.00% 1.18%
(blank) 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 30.91% 30.91%
10.38% 10.29% 10.73% 10.16% 10.01% 7.94% 9.56% 30.91% 100.00%
Day$of$the$Week$(local) Grand$Total
Hour$of$
the$Day
(249hour,$
local)
Percentage
Grand$Total
Figure A.1: Day of the Week vs. Hour of the Day
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SUN MON TUE WED THU FRI SAT (blank)
[080.5] 0.20% 0.22% 0.22% 0.21% 0.21% 0.18% 0.18% 0.75% 2.18%
(0.581] 0.10% 0.13% 0.13% 0.13% 0.13% 0.11% 0.10% 0.47% 1.30%
(181.5] 0.14% 0.16% 0.17% 0.18% 0.15% 0.13% 0.13% 0.45% 1.51%
(1.582] 0.29% 0.43% 0.42% 0.41% 0.39% 0.30% 0.29% 1.10% 3.64%
(282.5] 0.29% 0.40% 0.40% 0.38% 0.37% 0.28% 0.28% 0.98% 3.38%
(2.583] 0.29% 0.40% 0.40% 0.39% 0.36% 0.28% 0.28% 0.86% 3.25%
(383.5] 0.58% 0.84% 0.87% 0.80% 0.79% 0.60% 0.60% 2.16% 7.25%
(3.584] 0.42% 0.55% 0.58% 0.51% 0.50% 0.40% 0.40% 1.59% 4.95%
(484.5] 0.46% 0.59% 0.59% 0.57% 0.53% 0.42% 0.45% 1.55% 5.15%
(4.585] 0.72% 0.92% 0.96% 0.92% 0.89% 0.69% 0.76% 2.57% 8.43%
(585.5] 1.02% 1.19% 1.30% 1.18% 1.19% 0.91% 1.07% 3.33% 11.19%
(5.586] 0.46% 0.52% 0.56% 0.52% 0.51% 0.41% 0.45% 1.50% 4.92%
(686.5] 0.59% 0.65% 0.71% 0.67% 0.64% 0.51% 0.57% 1.95% 6.28%
(6.587] 0.40% 0.46% 0.51% 0.48% 0.48% 0.36% 0.41% 1.39% 4.48%
(787.5] 0.35% 0.35% 0.37% 0.35% 0.36% 0.30% 0.33% 1.10% 3.52%
(7.588] 0.24% 0.22% 0.23% 0.23% 0.23% 0.17% 0.21% 0.73% 2.26%
(888.5] 0.52% 0.50% 0.53% 0.51% 0.51% 0.38% 0.48% 1.67% 5.10%
(8.589] 0.22% 0.19% 0.19% 0.20% 0.18% 0.15% 0.20% 0.63% 1.96%
(989.5] 0.19% 0.13% 0.15% 0.14% 0.15% 0.12% 0.16% 0.48% 1.52%
(9.5810] 0.56% 0.35% 0.37% 0.36% 0.38% 0.30% 0.44% 1.27% 4.03%
(10810.5] 0.51% 0.26% 0.27% 0.27% 0.28% 0.21% 0.35% 0.95% 3.10%
(10.5811] 0.21% 0.12% 0.12% 0.12% 0.12% 0.11% 0.16% 0.44% 1.40%
(11811.5] 0.21% 0.13% 0.14% 0.13% 0.13% 0.11% 0.18% 0.46% 1.49%
(11.5812] 0.15% 0.09% 0.08% 0.09% 0.09% 0.08% 0.11% 0.34% 1.04%
(12812.5] 0.11% 0.07% 0.06% 0.08% 0.07% 0.06% 0.10% 0.26% 0.80%
(12.5813] 0.15% 0.07% 0.07% 0.07% 0.07% 0.07% 0.13% 0.30% 0.92%
(13813.5] 0.10% 0.05% 0.05% 0.05% 0.05% 0.04% 0.09% 0.22% 0.64%
(13.5814] 0.07% 0.03% 0.03% 0.03% 0.03% 0.03% 0.06% 0.15% 0.45%
(14814.5] 0.07% 0.03% 0.03% 0.03% 0.02% 0.03% 0.05% 0.12% 0.38%
(14.5815] 0.10% 0.04% 0.03% 0.03% 0.03% 0.03% 0.07% 0.17% 0.50%
(15815.5] 0.07% 0.03% 0.02% 0.02% 0.02% 0.02% 0.04% 0.10% 0.33%
(15.5816] 0.05% 0.01% 0.01% 0.01% 0.02% 0.01% 0.03% 0.08% 0.24%
(16816.5] 0.14% 0.05% 0.04% 0.04% 0.04% 0.04% 0.12% 0.23% 0.70%
(16.5817] 0.04% 0.02% 0.01% 0.01% 0.01% 0.02% 0.03% 0.07% 0.22%
(17817.5] 0.03% 0.01% 0.01% 0.01% 0.01% 0.01% 0.02% 0.04% 0.14%
(17.5818] 0.04% 0.01% 0.01% 0.01% 0.01% 0.01% 0.03% 0.07% 0.21%
(18818.5] 0.02% 0.01% 0.01% 0.01% 0.01% 0.01% 0.02% 0.03% 0.11%
(18.5819] 0.02% 0.01% 0.01% 0.01% 0.01% 0.01% 0.01% 0.03% 0.10%
(19819.5] 0.03% 0.01% 0.01% 0.01% 0.01% 0.01% 0.02% 0.05% 0.14%
(19.5820] 0.03% 0.01% 0.01% 0.01% 0.01% 0.01% 0.02% 0.03% 0.10%
(20820.5] 0.02% 0.01% 0.00% 0.00% 0.01% 0.00% 0.01% 0.03% 0.10%
(20.5821] 0.04% 0.01% 0.00% 0.01% 0.01% 0.01% 0.02% 0.04% 0.13%
(21821.5] 0.13% 0.02% 0.01% 0.01% 0.01% 0.01% 0.06% 0.12% 0.37%
(21.5822] 0.05% 0.00% 0.00% 0.00% 0.00% 0.00% 0.02% 0.04% 0.12%
(blank) 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
10.38% 10.29% 10.73% 10.16% 10.01% 7.94% 9.56% 30.91% 100.00%
Day$of$the$Week$(local) Grand$TotalPercentage
Distance
(kilometer)
Grand$Total
Figure A.2: Day of the Week vs. Distance
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Appendix B
User Study Protocol
B.1 Introduction
(1 minute)
“Welcome and thank you for participating in this user study. My
name is [moderator name], and I will be leading the app tutorial today.
Each of you has been selected to participate because your point of view
is important to us. We know that you are very busy and we appreciate
your contribution to this project.”
B.2 Purpose
(1 minute)
“The purpose of this user study is to test if the smartphone appli-
cation we have developed, On11, can help people mitigate sedentary
lifestyle by monitoring user’s physical activity pattern and promoting
walking.”
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B.3 Ground Rules
(2 minutes)
“We are very interested in what you think and feel. We want to know
and answer your questions, so feel free to ask. When you have something
to say, please do so. However, please do not speak while someone else
is talking. We request that you respect the right of each member to
remain anonymous. If you need to leave the room to use the restroom,
feel free to do so. The restrooms are located at [location]. Are there any
questions before we get started?”
[Distribute “Informed Consent Agreement for Participation in a Research Study”
copies]
B.4 Consent Form
(10 minutes)
“First of all, please read the ’Informed Consent Agreement for Par-
ticipation in a Research Study’ document I just gave you. If you have
any question, please let me know. Please feel free to make your own
decision. If you agree, please sign the form. If you do not agree, please
let me know. Thanks!”
[Collect the consent forms]
B.5 Demonstration
(5 minutes)
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“Now, I will play a video demonstrating how to use this app. If you
have any question, please ask me after the video is finished. Thanks.”
[Play video]
B.6 Android Phone Setup
“Here is the link [show the link on screen] for downloading our app,
On11. If you have any problem installing and running it, please let me
know. I will help you.”
[Setup phones for participants]
B.7 Closing Statements
“We have now come to the end. We ask again that you respect the
right of each member to remain anonymous. Are there any questions I
can answer?”
“Thank you for your contributions to this research. Again, we very
much appreciate your involvement!”
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Appendix C
Sample of the Post-survey
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On11 User Study
* Required
General Questions
Demographic Questions
1. Gender *
Mark only one oval.
 Male
 Female
 Other: 
2. Age *
3. Weight (lb) *
e.g. 150
4. Height (ft in) *
e.g. 5'8
5. Race/Ethnicity *
Mark only one oval.
 American Indian or Alaska Native
 Asian
 Black (or African American)
 Hispanic or Latino
 Native Hawaiian or Other Pacific Islander
 White (or Caucasian)
 Other: 
6. Area of Study/Profession *
Mark only one oval.
 Actuarial Mathematics
 Aerospace Engineering
 Air Force Aerospace Studies
 Applied Mathematics
 Applied Statistics
 Architectural Engineering
 Biochemistry
 Bioinformatics & Computational Biology
 Biology & Biotechnology
 Biomedical Engineering
 Business Administration (MBA)
 Chemical Engineering
 Chemistry
 Civil Engineering
 Computer Science
 Construction Project Management
 Drama/Theatre
 Economics
 Electrical & Computer Engineering
 English
 Entrepreneurship
 Environmental Engineering
 Environmental & Sustainability Studies
 Financial Mathematics
 Fire Protection Engineering
 German
 Humanities & Arts
 History
 Industrial Engineering
 Industrial Mathematics
 Information Technology
 Interactive Media & Game Development
 Interdisciplinary and Global Studies (IGSD)
 International Studies
 Law & Technology
 Learning Sciences and Technologies
 Liberal Arts & Engineering
 Literature
 Management
 Management Engineering
 Management Information Systems
 Manufacturing Engineering
 Marketing & Technological Innovation
 Mathematical Sciences
 Mathematics for Educators
 Materials Process Engineering
 Material Science & Engineering
 Mechanical Engineering
 Military Science
 Music
 Organizational Leadership
 Operations Design & Leadership
 Philosophy
 Physics
 Political Science & Law
 Power Systems Engineering
 Pre-Health
 Pre-Law
 Professional Writing
 Psychology
 Religion
 Robotics Engineering
 Social Science
 Society, Technology & Policy
 Sociology
 Spanish
 System Dynamics
 Systems Engineering
 Teacher Preparation Program
 Writing & Rhetoric
Other Questions
7. Generally, how physically active are you? *
e.g. Sitting in your office is considered as "inactive", and performing workout in gym is "very active".
Mark only one oval.
1 2 3 4 5
Very inactive (e.g. sitting in your
office all the day)
Very active (e.g. go to the
gym at least 3 times per
week)
8. Do you have any specific fitness goal? *
Mark only one oval.
 Yes, losing weight.
 Yes, keeping healthy.
 Yes, sports.
 No.
 Yes, body building.
 Other: 
9. How familiar are you with smartphone? *
e.g. iPhone, Android phones, BlackBerry phones, Windows phones, etc
Mark only one oval.
1 2 3 4 5
Never used Expert
10. How many smartphone do you have? *
Mark only one oval.
 0
 1
 2
 3
 Other: 
Mobile Application Questions
Overall Impression on UIs
11. What's your general impression when using the app? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
12. Any comments on your general impression?
(not required)
 
 
 
 
 
13. How do you like the *weather information* displayed on the main UI? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
14. Any comments on the *weather information*?
(not required)
 
 
 
 
 
15. How do you like the *background photo* displayed on the main UI? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
16. Any comments on the *background photo*?
(not required)
 
 
 
 
 
17. How do you like the *activity dashboard* displayed at the bottom of the main UI? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
18. Any comments on the *activity dashboard*?
(not required)
 
 
 
 
 
19. How do you like the recommendation UI? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
20. Any comments on the recommendation UI?
(not required)
 
 
 
 
 
21. How do you like the UIs for profile & goal setting? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
22. Any comments on the UIs for profile & goal setting?
(not required)
 
 
 
 
 
23. How do you like the notification sent by the app when it detects that you are inactive? *
Mark only one oval.
1 2 3 4 5
Very bad Very good
24. Any comments on the notification?
(not required)
 
 
 
 
 
Functionality Questions
25. Overall, is the *activity dashboard* accurate? *
Does it log the correct amounts of time for different physical activities you performed in a day?
Mark only one oval.
1 2 3 4 5
Very inaccurate Very accurate
26. Is the estimated time for *inactive* (above the icon of the sleeping head) accurate? *
Mark only one oval.
1 2 3 4 5
Very inaccurate Very accurate
27. Is the estimated time for *low-active* (above the icon of a person and a computer) accurate? *
Mark only one oval.
1 2 3 4 5
Very inaccurate Very accurate
28. Is the estimated time for *walking* (above the icon of a walking person) accurate? *
Mark only one oval.
1 2 3 4 5
Very inaccurate Very accurate
29. Is the estimated time for *running* (above the icon of a running person) accurate? *
Mark only one oval.
1 2 3 4 5
Very inaccurate Very accurate
30. Overall, do the recommendations make sense to you? *
Will you accept the recommendation, like walking to the suggested destination with the recommended
route?
Mark only one oval.
1 2 3 4 5
Make no sense. Exactly what I plan to do.
31. Are the predicted destinations in the recommendations, which you may go to next, correct? *
Mark only one oval.
1 2 3 4 5
Never predicted
correctly.
Always predict the correct next
location.
32. Are the detours in the recommendations, which will help you burn more calories, interesting? *
Will you follow the recommended route (with detour added) to go to the destination?
Mark only one oval.
1 2 3 4 5
Boring. I have never accepted. Interesting. Always accept.
33. Can you describe the kind of recommendations you tend to accept?
(not required)
 
 
 
 
 
34. Does the battery drain significantly faster with the app running than without? *
Mark only one oval.
1 2 3 4 5
Significantly noticeable. No difference can be noticed.
35. Even if the battery drain faster, will you keep using the app for logging your daily physical
activities? *
Mark only one oval.
1 2 3 4 5
Absolutely not. Yes for sure.
36. Does the app correctly detect that you are inactive? *
Mark only one oval.
1 2 3 4 5
Very inaccurate Very accurate
Influence Questions
37. Did you pay more attention to your personal fitness after using the app? *
Mark only one oval.
 Yes.
 No.
 Hardly tell the difference.
38. Have you ever followed the recommended route (with detour) to your destination? *
Mark only one oval.
 Yes, quite often.
 Yes, several times.
 Yes, but only once.
 No, never.
 Other: 
39. What functions do you think are very useful to you? *
Check all that apply.
 Weather
 Activity Classification & Time Estimation
 Burnt Calorie Estimation & Goal Comparison 
 Destination Prediction & Route Recommendation
 Other: 
40. What aspects of the app do you dislike?
(not required)
 
 
 
 
 
41. Overall, would you like to use this app? *
Mark only one oval.
1 2 3 4 5
No, I won't. I definitely will.
42. Other comments
If you have any suggestion or comment, please let us know. Thanks!
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